ABSTRACT Characteristics of the tire footprint are major indicators of tire performance and provide relevant information that can be used to improve the tire design process. However, the accurate segmentation of the tire footprint requires prior training and can be a highly man-hour consuming task. In order to overcome such drawbacks, scientists have made multiple efforts to design methods for segmenting the tire footprint automatically but it is still an open problem. In this paper, we propose a novel methodology to estimate the tire footprint under dynamic conditions and conduct an extensive subjective assessment of its quality. For this aim, we designed a subjective evaluation procedure based on the ITU-R BT.500-13 recommendation. In addition, we include a quantitative comparison of several tire contact patch segmentation methods using ray feature error and Dice index. The results of our methodology have been evaluated by expert tire engineers and will allow us to improve the tire manufacturing process.
I. INTRODUCTION
The area of contact between tire and road surface, called in this paper footprint, plays a critical role in the assessment of tire performance because even a small variation in its physical characteristics (e.g. the size or shape) has a significant impact on vehicle stability, safety, and fuel consumption. Furthermore, data extracted from the footprint can be used as an input in more complex simulation models to improve the design of the tire [1] .
As the assessment of tire performance is vital to optimize tire design, it is important to conduct experiments that allow us to capture and measure the footprint under particular forces and tire inflation. In an attempt to establish a relationship between the footprint and the current physical state of the tire, researchers have measured the footprint under static conditions; that is, where the tire remains motionless. Then, the measurements are extrapolated to the dynamic state to explain the interaction of the tire with the road. This is based on the premise that the performance of the tire is predictable to the variations of the applied forces.
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The findings have shown that when the tire load increases as much as two times, the footprint's area may also increase up to 40%. Contrarily, the footprint's area decreases up to 80% when the inflation pressure is two times higher [2] - [5] . However, these changes are strongly linked to the construction of the tire.
There is also another important relationship to be considered when the performance of the tire is studied: Rolling resistance -which is defined as the longitudinal drag force that points in the opposite direction to the travel of the tire-is directly proportional to the size of the footprint. If rolling resistance decreases, there is also a reduction in fuel consumption [6] .
The computation of the physical characteristics from the static footprint has been a common approach in the tire industry. It has represented a more convenient way to analyze tires because it reduces the complexity of capturing the footprint compared to the difficulties that arise under dynamic conditions or when the forces applied to the tire are changing [7] , [8] .
Dyed tire has been the standard for capturing the static footprint. Under this approach, the tire is covered with a layer of dye; then, it is imprinted on paper and subsequently digitized. This method allows tire engineers to measure the net and gross footprints from a single image. The net footprint is defined as the area of the tire tread, excluding voids, in contact with the road surface (see Figure 3b ). The gross footprint is generally defined as the total area under the loaded footprint (see Figure 3c ). Both areas are related through the net-togross ratio, which is directly proportional to the wear of the tire [9] - [11] .
The experiments conducted on imprinted tires have shown that the footprint tends to be circular at a high-inflation pressure and low-tire load, whereas at a low-inflation pressure and high-tire load the footprint's shape becomes elliptical [12] .
Aiming at reducing the complexity in the process of measuring the footprint, many studies have considered that the footprint has a circular-like shape with a uniform contact pressure; but this assumption has led to simplified models that do not describe the geometry of the footprint properly [13] .
Thermal-based methods [14] and pressure distributionbased methods [15] are also used for capturing the static footprint. However, regardless of the method, the static footprint cannot fully describe the real performance of the tire. In addition, footprint analysis is a task that in most cases is performed manually and consumes time. All these aforementioned facts have motivated researchers to search for automatic methods capable of segmenting the footprint accurately [16] .
An automatic test machine (ATM) allows tire engineers to observe the rolling motion of the tire over the glass plate. Although the roughness of the glass is different from the pavement, it is possible to observe that the performance of the tire is close to the actual one under real driving conditions. A high-speed camera placed underneath the glass plate records the motion and changes of the footprint under different conditions, such as braking, cornering, acceleration, and free rolling. The lowest intensity values in the videos captured by the high-speed camera usually represent the footprint. One of the advantages of using an ATM is that it is possible to capture the footprint when the forces applied to the tire are not uniform. Furthermore, it is possible to simulate acceleration, braking and cornering under laboratory conditions (see Figure 1) .
Recently, Nava et al. [17] proposed a clustering-based method for segmenting the footprint captured in an ATM. However, the proposal can be affected by the size of the field of focus and is sensitive to small changes in lighting conditions. In addition, poor contrast between the footprint and the non-contact areas renders the borders of the footprint indistinguishable. Such disadvantages may cause drastic measurement changes between frames. Thus, clustering-based segmentation methods are error prone in the dynamic footprint analysis.
In this paper, our aim is to minimize the error that may arise during the frame-wise segmentation by consolidating all the segmented footprints to derive the tire characteristic metric that is useful for tire engineers. The main contribution is a novel methodology that allows analyzing the dynamic footprint captured with an ATM. A high-speed camera captures the tire rolling over a glass plate. Vehicle driving maneuvers (cornering, accelerating, and braking) are simulated by application of cornering angles (slip angles) and driving / braking torque to the wheel's hub (red) at quasi-static rolling velocity.
The hypothesis is that although the footprint changes during its acquisition, it should only vary in shape and size within a certain range that is previously estimated by tire engineers. Thus, the computed segmentations are considered as independent observations and used to estimate the footprint that describes the average performance of the tire while it is rolling over the glass panel.
Due to the lack of ground truth or footprint reference, the wide range of data, and different conditions under which the tires were acquired for this study, no single general method is able to correctly characterize the footprint in all cases. Therefore, different approaches for estimating the footprint should be explored and assessed.
We also intend to contribute to the state of the art by developing a footprint segmentation quality measurement. Subjective evaluation is considered the most reliable way to assess the quality of the footprint segmentation. The justification is that the final user is a human observer. Since subjective evaluation is a time-consuming methodology, it cannot be used in many cases but it still has a prominent role in understanding segmentation in terms of human perception [18] .
We designed a methodology based on mean opinion score (MOS) to conduct the subjective assessment. MOS is an evaluation method described by the International Telecommunication Unit (ITU) in the recommendation ITU-R BT.500-13 [19] . It defines a five-grade discrete scale ranging from bad to excellent to rate the quality of an image. For this study, two expert tire engineers were asked to subjectively evaluate the quality of a collection of footprint segmentations to be as close as possible to the real footprint.
Since there is no previously labeled data available to compare with, we manually segmented the middle frame of every video sequence. Using the middle frame ensures that the footprint is centered and appears complete. This manual segmentation allows us to evaluate the segmentation results quantitatively. We include an objective comparison between the estimated footprint and its manual segmentation. The comparison is carried out using ray feature error (RFE) [20] and Dice index (DI) [21] .
We are interested in discovering whether a correlation between the subjective results provided by the experts and the objective assessment exists. The proposal presented here is one of the first attempts to provide a quantitative evaluation of the quality of the automated footprint segmentation under dynamic conditions.
In the following Section II our proposal is described. The subjective evaluation and the quantitative analysis are shown in Section III. Finally, the conclusions are drawn in Section IV.
II. ROBUST FOOTPRINT SEGMENTATION
Inspired by [17] , the set of segmented footprints taken from an ATM are considered independent observations. Then, they are averaged, so that, a mean footprint can be calculated.
As the combination of multiple observations is a straightforward way to reduce the error caused by individual missegmentations, the average footprint will represent a more robust description of the performance of the tire under dynamic conditions. Our proposal proceeds as follows: First, the input image is oversegmented into small regions using superpixels. Then, the superpixel features are computed and clustered to generate the net footprint. Finally, a curve wraps up the gross footprint to build the net footprint.
A. OVERSEGMENTATION
Individual pixels are limited to describe complex structures such as the boundaries of the footprint and local texture variations due to changes in the contact pressure. Hence, a more suitable approach to estimate the footprint is to oversegment the image and then cluster the meaningful regions.
Let F = {f z |z = 1, . . . , N } be a sequence of N grayscale images captured in an ATM (see Figure 3a) . We use simple linear iterative clustering (SLIC) [22] to compute ∀f z ∈ F partitions P z . This preprocessing step allows including spatial connectivity and local statistical features into the representation for further processing.
SLIC begins with n seeds {c i |i = 1, . . . , n} planted in a regular way on the image. Then, the affinity between pixels and their nearest seed, in terms of intensity and spatial distance, is calculated; and p ≤ n superpixels are built. The number of superpixels in an image may vary because sometimes two contiguous superpixels are merged.
We conducted tests by varying the size of the superpixels, s, from 10 to 20. If s = 10, then there are ≈ 13000 superpixels; if s = 20, then there are ≈ 4000 superpixels for images of size 1024×1280 px. Larger superpixels, s > 20, may not preserve the borders of the footprint. Compactness, r, was fixed at the value r = 10 that provides a good adjustment to the edges.
B. SUPERPIXEL FEATURES
A combination of statistical and spectral features are derived from each superpixel p ∈ P z as follows:
where µ p is the mean, max p is the maximum, and min p is the minimum intensity value in the selected superpixel p. The multi-spectral features are defined as:
G p,σ j is the mean value of the response to the convolution of the image f (x, y) with the Gaussian filter e (•) within the superpixel p. The symbol * represents the convolution and σ j = √ 1.5 j with j = {0, . . . , 7}. Since the spatial support of the Gaussian filters is 11 × 11 px. (it is similar to the size of the superpixel p), the range of σ j covers all the possible frequencies.
C. CLUSTERING
We are interested in analyzing the performance of the tires under optimal working conditions. Therefore, the tire samples used in our experiments were inflated according to the specifications provided by the manufacturers. We can assume that those superpixels with the lowest intensity values and with certain spatial connectivity belong to the dynamic footprint. Therefore, clustering-based segmentation methods can be adapted to meet our needs.
We studied four different methods and investigated which one fits the intrinsic conditions of the captured footprints best. The experiments were carried out in a pixel-wise and superpixel-wise manner.
1) THRESHOLDING
Typically a thresholding method generates a binary image b(x, y) as follows:
where f (x, y) is the input image and T is a global threshold. The classic Otsu's method [23] can be extended to a multiple thresholds by searching for the best threshold combination, which maximizes the intra-class variance.
Assuming there are k thresholds, {T 1 , T 2 , . . . , T k }, and k + 1 classes:
where L represents the number of intensity levels. Then, the optimal threshold combination {T 1 * , T 2 * , . . . , T k * } is chosen by maximizing σ 2 B :
with
The variance σ 2 B is defined as:
where the mean is µ = k i=1 ω i µ i . The normalized histogram is used to build a probability distribution h i = m i /M where h i ≥ 0 and
M is the total number of pixels in the image and m i is the number of pixels having the intensity level i.
The weights ω i are computing as:
and
Since µ is independent of the set of thresholds; it is possible to simplify (5) as follows:
The main advantage of this method is that the computation is performed on the histogram. Regardless the size of the image, the evaluation is performed in constant time, O(1).
However, a major problem is that only the intensity of the image is used. Hence, there is no guarantee that the pixels identified by the thresholding are contiguous.
2) K-MEANS++
The classic K-means is well known for its simplicity and low-time complexity. However, the usability of K-means is limited because the clustering results are heavily dependent on the initial parameters: The number of clusters, C, and the initial seeds, {S m |m = 1, . . . , C}.
The algorithm starts with C predefined seeds, one for each cluster and associates each observation of a given dataset to its nearest seed. Then, the seeds are updated and the association of the observations starts again.
As a result of this loop, the seeds change their location step by step until no more changes are done. The initial selection of the seeds often leads to different clustering results because the algorithm is based on the mean squared error that converges to a local minimum -especially if the initial centroids are not well separated.
An improved version called K-means++ [24] aims at choosing the initial values or seeds for K-means. This initialization improves the final error considerably. The pseudo-code is shown in Figure 2 .
3) FUZZY C-MEANS
In a non-fuzzy clustering, the data are divided into C clusters where each observation belongs to exactly one cluster.
In our case, the blurred edges between the footprint and non-contact areas may cause that superpixels around a border to be mis-labeled. Therefore, we decided to use a fuzzy clustering method to have better control over the superpixels and measure the degree of belonging of a superpixel to the footprint.
Fuzzy C-means (FCM) [25] is a clustering method that allows data to belong to multiple clusters simultaneously. It is based on the minimization of the following equation:
where α is a real number greater than one. p is the number of observations and ω ij is the degree of membership of the element x i to the cluster C j .
The weighting exponent α is a parameter that influences the performance of FCM. Although there has not been a theoretical basis for an optimal choice, Pal and Bezdek [26] suggested taking α ∈ [1.5 − 2]. Yu et al. [27] concluded that although in many studies α = 2 is used, the valid range of the weighting exponent depends on the dataset itself. In our experiments, we used α = 1.7 without noticeable differences within the recommended range.
A fuzzy partition is generated by optimizing (9) with the update membership: (10) and the center of the cluster j is defined as:
the stopping criterion is defined by ω k+1 ij − ω k ij < where → 0. 
D. FROM NET FOOTPRINT TO GROSS FOOTPRINT
Since the gross footprint is not always convex, it is not possible to calculate it with a convex hull. Therefore, we used a rolling circle filter (RCF) [15] , [17] to obtain a curve that wraps the net footprint.
The implementation of RCF is made by convolving a circle template of radius ρ with the net footprint. The tangential contact points obtained after the convolution are connected using a B-spline, so that the interpolated curve wraps the net footprint.
The size of the radius ρ is important. If ρ is small, the template will not be able to close the voids. On the contrary, a very large ρ will cause the algorithm to takes longer for the computation the curve. In our experiments, we fixed the value of ρ = 80.
E. ESTIMATING THE DYNAMIC FOOTPRINT
Averaging the set of independent segmentations is a simple yet efficient way to provide a more robust footprint to superpixel mis-segmentation caused by limitations presented in clustering method. This technique is similar to bagging [28] where a collection of classifiers is used to reduce the variance of the mis-classification.
Let E = {e z |z = 1, . . . , N } and G = {b z |z = 1, . . . , N } be the sets of the net and gross footprints computed from F, respectively (see Figure 3b and Figure 3c ). It is possible to define an affine transformation f : G → A, such that, A is the set of the aligned footprints, Figure 3d .
Although in some video sequences in our dataset the tire is rolling with a slip angle, the rotation angle is zero. We only consider vertical t y and horizontal t x translations to avoid VOLUME 7, 2019 introducing deformation of the curves:x = x + t x and y = y + t y :
wherex andỹ are the new coordinates of the aligned footprint.
The segmentation computed at the middle of video sequence in G is used as a reference (see (see Figure 3c) for computation of the t x and t y parameters.
Since the footprint changes throughout the video sequence, there is not a unique measurement that may describe the performance of the tire. Thus, the set of segmentations in A is used to build a statistical model that represents the average performance of the footprint.
We use ray feature descriptor (RFD) [22] to compute the mean footprint as follows:
Given a common centroid, C A , in A and a set of angles θ = Figure 3d) ; then, it is possible to find a point p θ = t p θ (t) that is the mean of all the points in A that lie on the border of the footprint when we walk from C A in the direction of θ .
Enough points p θ are calculated to sufficiently approximate the geometry of the mean footprint (see Figure 4) . If just few points are captured, we may fail to adequately describe the details of the curve. However, as the curve is smooth, it is not necessary to calculate points in an exhaustive way. δθ = 5 • provides a good balance between complexity and approximation of the shape.
III. EVALUATION AND EXPERIMENTS
We want to identify those segmentation algorithms that are useful under a large number of conditions. Hence, it is necessary to know how the segmentation error is perceived by the expert tire engineers.
A. EXPERIMENTAL DATA
For this paper, we collected and prepared our own dataset. An automated test machine was designed to gather the necessary information (see Figure 1) .
In an ATM, the tire rolls over a glass plate under which a high-speed camera is placed. Different vehicle driving conditions, such as acceleration, braking and cornering, as well as the vertical tire load can be simulated by applying cornering angles and driving or braking torque to the wheel hub (red in Figure 1 ) at quasi-static velocity.
While the tire rolls, the camera captures images of the moving contact patch area between the glass surface and the tire. In the captured images, the contact patch is usually distinguished by the darker color tone and thus, a segmentation on the pixel color measures the contact area. 116 video sequences from 19 different tires were captured. The dataset includes summer, winter, and all-season tires. For each video sequence, from 400 to 900 images were extracted. The number of images depends on the size of the footprint. The sequences were acquired in 8-bit depth and the size of the images is 1024 × 1280 px.
B. SUBJECTIVE EVALUATION
A subjective evaluation is almost a compulsory element in research projects where the final user is a human observer.
Designing a good method for segmentation assessment is a known hard problem that, in many cases, is tied to specific applications [29] . Many factors such as distance, observer's vision acuity, and even observer's mood may hamper the subjective evaluation.
ITU recommendations describe experimental procedures to correlate the quality of an image with a scalar value. ITU also defines MOS as the average of the values predefined in an ordinal scale from 1-Bad to 5-Excellent (see Table 1 ) that a group of observers assign to its opinions about the performance of a system [18] , [30] .
MOS provides a direct way to ask for opinions about the quality of a segmentation to multiple observers. It relies on the subjective feelings of many individuals:
where R are the individual rates and N the number of observers.
One of the main criticisms of MOS is that it is an effective evaluation method only if the visual differences are unquestionable. If the differences are subtle, MOS results are noisy and difficult to interpret [31] . Nevertheless, our efforts are focused on determining under which conditions a segmentation method is appropriate enough to describe the footprint.
The observers are asked to measure the similarity between a footprint image and its segmentation. MOS values between [4 − 5] are considered as excellent segmentation, whereas ratings below 3 are considered as not acceptable. For this experiments, the observers adjust the visualization distance according to their preference and screen size.
A summary of our proposal for the subjective evaluation of the estimated dynamic footprint is shown in Figure 5 .
Each clustering algorithm presented in Section II-C captures different features of the footprint. Thus, the expert tire engineers selected four methods for their evaluation: Multithresholding; K-means++ (pixel-wise); K-means++ with superpixels s = 10; and Fuzzy C-means with superpixels s = 20. The aforementioned methods achieved the best results among all the experiments performed. The idea of such a selection is that the methods must be as diverse as possible.
In order to evaluate the segmentation subjectively, the grayscale footprint and its corresponding estimated dynamic footprint are overlapped and presented to the observer for five seconds, then a pause or gray screen is shown for three seconds to minimize the afterimage effect in the retina. The results of this subjective assessment are condensed in Table 2.   TABLE 2 . Results of the subjective evaluation with MOS. Two expert tire engineers carried out the evaluation. The values were calculated according to (13) . Bold value represents the best result. Only MOS values higher than 3 are considered as an acceptable segmentation.
The experts rated Fuzzy C-means with the highest value (MOS = 3.71); 93 out of 116 footprints were considered acceptable, this represents 80% acceptance rate. In contrast, TABLE 3. Quantitative assessment of the dynamic footprint. RFE is bounded between 0 and 1 where 0 is the best result, whereas DI=1 represents exactly two identical shapes. Bold values are the best rates. A MOS value higher than 3 is considered as an acceptable estimation of the dynamic footprint.
when the Multi-thresholding method was used, only 77 out of 116 footprints were considered acceptable.
Multi-thresholding is the algorithm with the lowest performance, this means that only 66% of the footprints are considered acceptable segmentations according to the experts. The decrease in the acceptance rate is understandable since the methods based on thresholding only consider intensity as a criterion to separate classes.
C. OBJECTIVE EVALUATION
We also conducted a quantitative comparison between the estimated dynamic footprint and its corresponding manual segmentation. The comparison is carried out with two metrics:
• Ray feature error (RFE) [20] is a novel metric that compares contour similarities. The error is bounded between [0, 1) where 0 is the best score. Let A and B be two closed objects, then:
f (X , C s , θ) returns the location of the nearest border to the centroid C s in the direction of θ . DX = θ dX θ .
• Dice index (DI) [21] is a region-based similarity method that measures the intersection between two objects:
where the perfect score is 1. We do not expect the error to be zero since the manual segmentation only describes the footprint at a certain time, whereas the estimated dynamic footprint describes the characteristics of the footprint in a more general way. An example that includes the estimated dynamic footprint and its manual segmentation is given in Figure 7 .
The shape similarity between the footprint and its automated estimation is relatively high in most of the cases. Since RFE is a normalized measurement, an RFE value less than 0.05 is considered an acceptable error. The average results computed with RFE and DI are shown in Table 3 .
The values obtained with RFE and DI can be seen as the percentage of change of the footprint while rolling on the ATM. Note that in most cases RFE is less than 5% (see Figure 6a ), which according to the tire engineers, is the expected percentage of change of the footprint during real driving conditions.
In the case of Multi-thresholding, 101 out of 116 segmentations were rated with RFE < 0.05; with K-means++ (pixelwise) 98 video sequences were considered acceptable and with K-means++ (s = 10), 101 videos are also rated with RFE < 0.05. The best rated algorithm was Fuzzy C-means (s = 20) with 103 video sequences considered within the range of the acceptable error.
As expected, Multi-thresholding was the poorest rated algorithm. This fact provides the insight that the intensity of pixels is not sufficient to estimate the contact area accurately.
On the contrary, the subjective results have shown that the inclusion of superpixels may improve the perception of the final footprint (see Table 2 ) but we must consider the time needed to calculate them. In our experiments, it took in average 2.8 seconds per image to compute the superpixels.
Regarding the quantitative results, the inclusion of superpixels also causes a reduction in the noticeably Using soft labels in Fuzzy C-means allowed us to relax the degree of belonging of a superpixel to the footprint to improve the classification, especially around the borders of the footprint. The expert tire engineers rated Fuzzy C-means higher than K-means++ in both modalities, pixel-wise and superpixel-based methods (see Table 2 ).
In our proposal, we established that the lower limit for a footprint to be accepted is 3. Although there are individual images that were mis-segmented, the combination of all the observations in the video sequence reduces the impact of the noticeably bad segmentations. The dataset used here includes extreme cases where the slip area is very large or the contact with the surface is minimum. Those examples are reflected in the subjective evaluation with a low rate.
IV. CONCLUSION
We have presented a novel way of providing an estimation of the footprint under dynamic conditions. The proposal consolidates multiple observations into a single image that describes the general performance of the tire when it is rolling. Our method has been assessed subjectively by two expert tire engineers and compared quantitatively against manual segmentations using RFE and Dice index.
Due to the diversity of the data and the conditions in which the video sequences were acquired, it is expected that a single algorithm cannot perform well in all cases. When Fuzzy C-means was used, 89% of the video sequences were rated as acceptable according the quantitative assessment. The acceptance rate of Multi-thresholding was 87%, while the acceptance rate of K-means was 85% and 87% pixel-wise and with superpixels, respectively.
If we consider that in the subjective evaluation, all the algorithms achieved MOS > 3 and the difference in the percentage of accepted video sequences is small among them, it gives us a clue that the clustering methods have similar behavior. Therefore, we must search for different ways to improve the estimation of the footprint, especially when there is no labeled data; one possibility is to combine the observations of multiple methods.
We also performed a set of experiments by capturing different statistics of the superpixels. However, the intensity of pixels is not sufficient to estimate the contact patch generally. A possible way to overcome such a limitation is by including temporal information.
Regardless of the algorithm, the fundamental idea presented here is that the footprint does not change substantially during its acquisition. Therefore it is possible to generate an average footprint that reduces the impact of the segmentation errors and describes the performance of the tire under dynamic conditions.
We have also explored a novel approach for assessing the quality of the estimated dynamic footprint in both subjective and objective ways. The subjective assessment methodology presented constitutes a formal proposal that allows us to evaluate the quality of the segmentation systematically.
Our proposal will also serve as a criterion to establish a minimum quality during the acquisition of the data. Currently, there is no standard method for footprint acquisition. As far as we know, this proposal represents one of the first efforts in the literature to characterize quantitatively the footprint under dynamic conditions. We believe its implementation will impact positively the tire manufacturing processes. 
